ABSTRACT
Introduction
Poly-β-hydroxybutyric acid or PHB is a bacterial polymer whose biocompatibility, biodegradability and versatile properties make it an eco friendly substitute for synthetic polymers [7] . It may be synthesized by different strains, for example: Alcaligenes eutrophus, Ralstonia eutropha, etc. These microorganisms can accumulate a large amount of PHB inside the cell in response to the limitation of an essential nutrient. Ralstonia eutropha is the most widely used microorganism for the production of PHB [5] . It was demonstrated in previous studies that specifi c PHB formation rate is higher for mixed cultures than for pure cultures [2, 3] .
Despite its many useful properties, microbial production of PHB is not yet commercially competitive with synthetic polymers. Improvement of large-scale productivity requires good fermentation modeling and optimization [7] . Various approaches have been applied for improving the productivity and reducing the production cost, which are the two major problems associated with industrial production of PHB.
One of the engineering approaches to improve PHB productivity is the design and implementation of model -based control of fed-batch cultivation [1, 4] . A widely applied approach in the last years for estimation and control of bioprocesses is General Dynamical Model Approach [1] . On this base, operational models which are at the root of estimation and control algorithms design could be derived. In the process under consideration, only two process variables, the concentrations of limiting substrates glucose and lactate, are only on-line measured. An way to escape the problems related to adaptive control design in case of partial state measurements (derivation of additional observers complicates the stability analysis of control algorithm and its design is not always possible), is the application of the approach proposed in [8] and [4] . According that approach, the kinetics of substrate consumption rates are considered as fully unknown and they are summarized in unknown time-varying parameters, which are estimated by observer -based estimators. In [4] , the upper bounds of the estimation errors are derived and used as a basis for observer-based estimators tuning.
The aim in this work is to derive estimators of consumption rates of the main substrates, glucose and lactate, during the fed-batch fermentation of the mixed culture of L. delbrulckii and R. eutropha applying the General Dynamical Model approach. The derived algorithms have to be applicable to control design.
Biochemical model of the process
A lot of experiments [9] are done to investigate the fermentation of mixed culture of L. delbrulckii and R. eutropha. Each experiment starts as mono batch aerobic fermentation of L. delbrulckii where glucose is the main carbon source. After 4 hours, Ralstonia eutropha, is inoculated and lactate that is produced by L. delbrulcki convertes to PHB by Ralstonia eutropha in the oxygen and ammonium presence.
The following biochemical model is proposed in [9] . It describes the dynamics of Lactobacillus delbrulckii and Ralstonia eutropha based on mass balances with appropriate kinetic expression: -specifi c NH 3 consumption rate;σ 1 -the specifi c lactate production rate; σ 2 -specifi c PHB production rate, assumed to be expressed as follows: Table 1 . In Figs. 1(af) , the batch phase of the model is shown with stars. In Fig. 1d , the inoculation of Ralstonia eutropha at 4h of fermentation can be observed.
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Model for control derivation
According to the General Dynamical Model (GDM) Approach, the GDM of a biotechnological process can be presented in matrix form as follows:
where ξ is a column vector of process variables; K is a matrix of yield coeffi cients; ϕ is a column vector of reaction rates; D is the dilution rate; F is mass feed rate in the reactor. GDM is known as operational model that can be used for process monitoring and control design. The mechanism of PHB production by mixed culture of Lactobacillus delbrulckii and Ralstonia eutropha that was described above can be presented by the following reaction scheme: (3) The reaction scheme consists of three reactions -ϕ 1 , ϕ 2 and ϕ 3 . The fi rst one represents growth associated production of lactate, P. The sugar such as glucose, S, in the oxygen, O 2 , presence is converted to lactate by Lactobacillus delbrulckii, X 1 . The second reaction represents growth associated production of PHB. The lactate in the oxygen and ammonium, N, presence is converted to PHB by Ralstonia eutropha, X 2 . The third reaction represents non-growth associated production of PHB where the biomass plays simply the role of catalyst.
Following the rules of GDM Approach proposed in [1] , the model for control is derived fully automatically on the basis of reaction scheme (3). For the process under consideration the operational model (2) is presented as follows:
The main role of GDM (4) is to translate the available process information into appropriate inputs for process control design. Therefore, the GDM has to describe the dynamics of the main process variable as well as the biochemical one. As the two models are different, the next step is model (4) parameters identifi cation.
(4)
where
Identifi cation of the model
Identifi cation of the model (4) parameters is realized using the batch phase of both process models applying an optimization procedure. The optimization algorithm is proposed in [6] . It consists of four programs in MATLAB environment. The optimization criterion is chosen to obtain the minimal mean square error between values of model (1) variables and simulated outputs of the system (4). The obtained optimal values of model (4) parameters are given in Table 2 . As can be seen in the fi gures, the model (4) (lines) describes the dynamics of the main process variables as well as the biochemical model (1) (stars). A model with a structure (4) and parameters listed in Table 2 could be used for future studies of the fermentation related to its monitoring and control.
Design of substrate consumption rates estimators
The main problem of reaction rate estimators design is that only two on-line measured variables are available. They are the glucose, S, and lactate, P, concentrations in the reactor.
For this reason, only two kinetic parameters could be estimated. According the approach [8] and [4] , we defi ne two new kinetic parameters, φ 1 and φ 2 , in the model (5). They are considered as unknown time-varying parameters:
(6) (7) where φ 1 and φ 2 are consumption rates of glucose and lactate concentrations respectively.
The fi rst step of the estimation procedure is the estimation of consumption rate φ 1 (as well as estimation of reaction rate ϕ 1 ) using on-line measurements of glucose, S. The estimator of φ 1 is an observer-based estimator as follows: (8) (9) where ω 1 and γ 1 are estimator design parameters, S m =S+ε; ε is an additive measurement noise.
The design parameters are derived using an optimal tuning procedure, proposed in [4] . In a result, the following expressions for optimal values of estimator (8, 9) , design parameters are obtained:
where m 11 is upper bound vector of the time-derivative of φ 1 (t) ; m 21 upper bound of additive measurement noise of glucose measurement; ζ is a damping coeffi cient which value is fi xed close to 1. The estimates of reaction rate ϕ 1 can be calculated using the kinetic relationship (6):
The following step is the estimation of φ 2 -consumption rate of lactate, using on-line measurements of lactate and estimates of ϕ 1 , obtained by the estimator (8) (9) (10) (11) . The estimator of φ 2 is described by following algorithm:
where ω 2 and γ 2 are estimator design parameters, P m =P+ε; ε is an additive measurement noise. The design parameters are derived using the same optimal tuning procedure, proposed in [4] . As a result, the following expressions are obtained: (14) where m 12 is upper bound of the time-derivative of φ 2 (t) and m 22 upper bound of additive measurement noise of lactate measurement.
Simulation investigations
The simulations are carried out on the basis of model (1) as real process. The design parameters γ and ω of the glucose and lactate consumption rates are calculated using equations, (10) and (14), respectively where the upper bounds of timederivative of φ 1 (t) and φ 2 (t), m 11 and m 12 , are accepted to be equal to 0.1. This is the maximum value of the time-derivative of these parameters, calculated using the expressions (6) and (7) . White noise signal,ε, is added to model values of glucose and lactate concentrations to simulate measurement noise at standard deviation 5%. The upper bounds, m 21 and m 22 , are given 0.05. The simulation results are shown in Fig. 2 .
In general, the results show that the calculated optimal values of estimator design parameters, ω and γ , guarantee good tracking elapse of substrate consumption rate estimates. They follow the trend of the "true" values obtained from model (1) . The observed estimation errors are due to the batch process kinetics which changes very fast and the derivatives of φ 1 and φ 2 have high values.
Conclusions
In this paper, a model for control of fed-batch process for the biodegradable polymer poly-β-hydroxybutyrate (PHB) production by mixed culture of Lactobacillus delbrulckii and Ralstonia eutropha is developed. The General Dynamical Model Approach is applied for this purpose. A reaction scheme is proposed. The dynamical equations of main state variables are derived. Identifi cation of the model for control parameters is realized by an optimization procedure. The simulations show that the model for control describes the process kinetics as well as the biochemical one. The model for control is used for derivation of estimators of substrate (glucose and lactate) consumption rates. The estimators tuning parameters are calculated using the procedure proposed by authors in another paper. Simulation results show the good estimation behavior of the proposed algorithms. They could be applied also for other mixed culture processes with application not only in pharmaceutics but also in food industry (wine production etc). Future investigations of the considered process will be related to its adaptive/optimal control. 
